1. Introduction
Problem Statement
Retail Business Service's (RBS) high-low pricing strategy requires strategic safety stock investments to ensure inventory levels are adequately controlled. RBS' current inventory policy does not address the need to dynamically manage the safety stock of items as business needs evolve throughout the year.
Company Background
RBS is one of the largest food retailers in the world. In the United States they operate 9 different retail banners, each with a different go-to-market strategy. RBS' largest US banner is located in the southeastern US and operates over 1,100 stores selling over 10,000 unique center store products.
Supporting these stores are five full case distribution centers (DCs) and one break-pack DC. Annually, this banner generates sales of over $11 billion while moving close to 500 million cases through their DCs.
RBS uses different pricing strategies to support their banners. One of the northern banners uses an everyday low-price strategy (EDLP). An EDLP strategy advertises consistent prices throughout the year and does not typically offer discounts through promotions. This differs from the high-low strategy used at their southern banner. Through weekly advertisements and in-store signs, they promote key items at lower than market prices. In a sample week (Week 44 -2017) at one DC, promoted products represented 22% of the SKUs shipped and 32.4% of the total cases shipped. To compensate for the margin loss on these items, non-promoted items are often priced slightly above market. This strategy, according to RBS, allows them to generate excitement and return visits as promotions change weekly. Additionally, this creates a customer perception of low prices. However, from an inventory management perspective, a high-low retailer's weekly promotional changes create additional volatility in demand and difficulties in forecasting. As RBS' average vendor lead-time is 10 days, if the right amount of product is not purchased prior to a promotion, it is difficult to rebound. Conversely, if too much product is purchased, selling through excess inventory is equally challenging. To buffer against demand and forecast volatility, RBS must use an inventory policy that increases safety stock on these critical items.
Motivation
Holidays and promotions are when retailers can differentiate themselves, attract new customers, and create a lasting price impression. To meet these goals, retailers put immense pressure on the supply chain to maintain high on shelf availability. In response, demand management teams and retail stores often disregard normal inventory policies in favor of a "don't be out of stock" mentality. This emotionally driven inventory policy leads to large manual orders by both retail stores and distribution centers (DCs).
These orders cause a bullwhip effect which results in excess inventory or high fees to expedite deliveries.
Promotions and holidays require active supply chain management on the "important few" products that are constantly changing. Canned pumpkin is a top item during Thanksgiving, but is quickly relegated to the bottom of the list in June. A slow-moving shampoo, when displayed and promoted, can become a retailer's top selling item. On the other hand, paper towels sell around the same amount every week. Given the range and variability of products carried by food retailers, it is difficult to find a onesize-fits-all inventory policy. This research will develop a method to alleviate emotional responses to promotions and holidays by creating dynamic cycle service levels (CSLs).
Literature Review

Retail Applications
A multi-criteria item classification system aims not only to reduce inventory costs, but also to improve customer satisfaction by offering greater in stocks on key items such as those on promotion.
Improving in stock conditions, according to Dubelaar et al. (2001) , will cause an increase in the square root of sales. Retailers struggle to maintain high in stock numbers, especially for items on promotion. Taylor (2001) found that in the grocery industry, advertised items are not available in their normal shelf location 11.5% of the time. When items are not available on the shelf, according the Emmelhainz et al. (1991) , 39% of customers will go to another store to find what they are looking for. The potential financial ramifications of these lost sales can have a lasting impact on a retailer.
Service levels have a direct impact on the company's revenue and profit (Millstein et al., 2014) . If they are too high, substantial capital is tied up in inventory. However, if they are too low, they can lead to stock outs, which can cause the loss of the customer goodwill; this in particular makes it difficult to measure the cost of stock outs. Therefore, management should make inventory decisions taking into consideration the service performance perceived by the customers (Bijvank, 2014) Promotional research has focused on creating strong promotional forecasts to ensure high product availability (Thomopoulos, 2015; Koottatep and Li, 2006) . Little research has been done on incorporating promotional importance into a segmentation strategy. This research seeks to reduce the lost sales caused by promotional product unavailability and improve customer satisfaction by maintaining high in stock rates.
In the next section, we review existing SKU segmentation policies used to address different business strategies.
SKU Segmentation
As companies continue to add more diversity to product assortments, it is necessary to define methods for grouping and managing these different items. According to Mohammaditabar et al. (2011) , managing thousands of items can cause companies to focus on unimportant items while not paying adequate attention to key items. The traditional approach to segmentation is the ABC analysis in which management groups items into three classes (A, B and C) based on some predetermined criteria (Armstrong, 1985) . According to Teunter et al. (2009) , the most common method for classification is to use demand value, namely annual goods movement multiplied by unit cost. This principle is based on Pareto's principle that 80% of sales typically come from the top 20% of SKUs (Armstrong, 1985) .
According to Zhang et al. (2001) , there are several drawbacks to the demand value classification system. First, this system will put a large amount of capital investment into the most expensive items. Second, this segmentation still requires "optimization of stocking parameters within each group" (Zhang et al., 2001 ).
Consequently, considerable research has been done in the field of multi-criteria inventory classification (MCIC) using different factors in ABC classification.
The general premise of ABC classification is to manage the "significant few" A items closely and spend less time on the "trivial many" or C items (Flores, 1992) . Zhang et al. (2001) proposes ranking items based on the ratio of annual demand divided by lead time times the square of item cost. The problem is solved using linear optimization with fixed service levels and order frequency. The authors demonstrate a 30-35% lower inventory investment as compared to traditional demand value segmentation. Teunter et al. (2009) also solves this problem using a single criterion and clearly defines how to set cycle service levels. The criterion used for classification is:
Where h = holding cost, Q= order quantity, b = criticality defined as shortage cost and D = annual demand. The CSL can be defined using:
There is a clear tradeoff between the management cost of multiple classes and the safety stock cost. Millstein et al. (2013) assigns a fixed management cost per class and uses this in an optimization model to maximize profitability rather than reduce inventory cost. This model, however, is limited by a fixed planning horizon and is built around a one-time run. Yang (2016) , attempts to address the limitation of Millstein's (2013) research and expand to include non-stationary demand.
A majority of the research into SKU segmentation has been conducted in the spare parts industry (Teunter et al., 2009; Zhang et al., 2001; Molenaers et al., 2011; Millstein et al. 2013) . This research will expand on previous research by defining retail-specific classification criteria such as promotional importance and seasonal relevance. Additionally, it will look at future demand patterns and optimize service levels continually based on business needs. The results will be extended to the food retail business, where little, if any research, has been done.
Inventory Management
Once a firm classifies an item using one of the techniques mentioned above, it must decide which inventory policy to assign to that class of items. Firms should assign an inventory policy that reflects the nature of the items as well as their relative importance. According to Silver et al. (2017) , there are two main categories of inventory policies: continuous review and periodic review. In a continuous review system, a firm's inventory position (on hand inventory + pipeline inventory) is evaluated continuously. In a periodic review, inventory is only evaluated every R days where R is the review interval. When certain conditions are met, an order is created. There are tradeoffs with each policy. A periodic review policy can create synchronization across a large family of items. Because items are being ordered on a coordinated schedule, multiple items from the same supplier can be ordered together. Additionally, a periodic review creates stability, as a firm can plan order days for each supplier. However, periodic reviews require higher levels of safety stock because the time between replenishment periods is longer. A continuous review reduces the amount of safety stock because items can be ordered whenever they are demanded (Silver et al., 2017) . However, constantly reviewing items can eliminate coordination between SKUs and cause higher labor costs.
There are two main forms of a continuous review policy: the (s,S) system and the (s,Q) system. The (s,S) system, also known as order-point, order-up-to-level states that when inventory position falls below the reorder point s, the firm should order up to the maximum desired inventory S. An (s,Q) policy is similar except that the order quantity Q is fixed. In this system, when the inventory position falls below the reorder point s, the firm orders a fixed quantity Q. Typically, Q is the economic order quantity or specific lot size (Silver et al., 2017) .
Two popular periodic review policies are the (R,S) system and the (R,s,S) system. The (R,S) policy states every R units of time order enough inventory to raise the inventory position to the desired level S. The (R,s,S) policy goes one step further and states that every R units of time if the inventory position is below the reorder point s, order up to the desired level S (Silver, 2017) . A third type of inventory policy common in enterprise software is the MRP policy. This is essentially a modified version of the (R,s,S) policy. In this policy, the firm sets a desired level of safety stock, s. Every R days, they examine their inventory and order enough so that inventory does not fall below s at the end of that replenishment cycle. For example, assume a firm reviews inventory every Monday and the product is delivered the following Monday. On the first Monday, a replenishment is created such that the inventory will not fall below s during the period when that product arrives (the second Monday) until the next delivery arrives (the third Monday). In all the policies mentioned above, it is necessary to define the appropriate levels of safety stock. Similar to inventory policies there are a variety of ways to determine a firm's desired level of safety stock. To name a few, safety stock levels can be set to minimize the backorder costs, minimize the stock out costs, satisfy a minimum amount of demand, or ensure a certain probability of no stock outs (Silver et. al, 2017) . Several of these methods require hard-to-measure numbers such as the fixed cost of stock outs or backorders. As mentioned above, the goal of our research is to show the value of changing the levels of safety stock as business needs change. Therefore, we will calculate safety stock in the same way as RBS by using the CSL. A CSL is the probability that no stock out will occur during lead time (Silver et al., 2017) . Assuming that demand is normally distributed, safety stock (SS) is set using the equation 2.3.
Where SS = safety stock level, k is the safety stock factor which is calculated from the desired CSL, and σ l is the standard deviation of demand over lead time. We will show other methods of calculating σ l such as standard deviation of forecast error in later sections.
Methodology
In this section, we discuss our procedure for calculating the effectiveness of dynamic cycle service levels as shown in Figure 3 .1. The research is centered on CSL changes for promotional and seasonal periods.
To set the business context, we begin with an operational overview of the current inventory system and discuss shortcomings and backdoor solutions. We evaluate the motivation for these backdoor solutions from interviews with management and current inventory analysts. We apply the results of these interviews to construct a decision frame used to set dynamic CSLs. We then show how this decision frame can be incorporated into the inventory policy to set safety stock levels. To evaluate the effectiveness of the decision frame, we simulate the inventory policy using two different simulations. The first simulation uses a system dynamics model created in VenSim and the second runs in RBS' demand planning software RELEX. 
Operational Context
To systematically manage the inventory for thousands of items, an inventory system must be able to cope with large variability in demand. Seasonal dependency and frequent promotions drive spikes in demand and lead to inventory management outside the traditional bounds of the models discussed in Section 2.3.
An example of the impact of this variability is shown in Figure 3 .2. A majority of the annual demand for this item (shown in orange) occurs in the last two months of the year (highlighted in yellow).
The demand during these two months is up to 8 times higher than the average demand during the rest of the year. To anticipate the increase in demand, inventory managers begin stock piling inventory prior to the season (shown in blue). On hand inventory numbers reach a maximum immediately before the large seasonal spikes begin. Aggressive manual ordering in reaction to an out of stock can lead to twice the average inventory for two months after the seasonal/promotional event occurred. This sporadic and manual inventory management is a result of RBS' current system design. 
Current System Design
RBS' inventory management group is responsible for inventory at both retail stores and distribution centers. In this two-echelon system, RBS manages safety stock levels using the following methodology:
If retail stores are heavy on inventory, then less safety stock is needed in the DCs. The cycle service level target for each item at each DC is calculated weekly using the following formula:
where:
where: (3.3) and: (3.4) where:
The following variables are easily measurable at a weekly level: last week's movement, number of deliveries, minimum shelf presentation, and ending inventory. Combining the above formulas and reducing to only measurable variables gives the following equation for cycle service level:
While this formula can be used to calculate the desired CSL each week using readily available numbers, the results are generally not as desired. Namely, the CSL is based entirely on the prior week's movement. It does not address any future fluctuation in demand that may be brought on by holidays or promotions. In practice, the demand management team at RBS sets a floor and ceiling for the CSL.
During weekly runs, most items end up at either end of the spectrum (Figure 3.3 ). This sub optimal policy leads to many manual workarounds. To have the right products to satisfy customer demand for promotions and holidays, RBS employs manual practices outside of the service level policy outlined above. A typical example is the following practice; if a promotion is one week long, the buyer should order the forecasted demand for the week prior to the promo, the promo week, and the week after the promo. These three weeks of inventory should be available in the DC 9 days prior to the start of the promotion. This approach requires substantial manual intervention and removes any systematic calculation of safety stock. As these items are defined as the "most important," the desired CSLs should reflect this business need.
Interviews and Business Context
We conducted interviews with current inventory buyers and the management team at RBS to gain insight into the classification criteria that should influence CSLs. According to Armstrong (1985) , management typically sets CSLs. Therefore, it was necessary to have business input to ensure compliance and accuracy.
The first insight was the criteria that led buyers to deviate from the traditional inventory policy.
As expected, promotion and seasonality were the top criteria leading to deviations. The service level agreement between the demand management and category management team requires 99% product availability on all promoted items. Therefore, a backdoor process called a "gap report" is used to meet these requirements. These gap reports use the backdoor inventory policy described above (order X weeks of forecasted demand) and measure the "gap" between current inventory position (on hand + pipeline) and desired inventory (X weeks). Buyers are instructed to "close the gap" prior to promotions beginning.
The inventory group presented two additional criteria that led to operating outside of the traditional inventory policy. First, is a criterion that we will call Key Item (KI). A KI meets at least one of the following conditions:
1. The product is displayed in a secondary location 2. The product must have a high service level due to business or brand purposes. Examples include baby formula or private label cheese.
The second criterion we will call Vendor Dependability (VD). The vendor dependability is the vendor's ability to fulfill a spike in demand. Another way to think about this is the vendor's promotional fill rate. The VD is calculated annually based on promotional fill rates. Vendors are then segmented based on their historical fill rate performance and assigned a 1 or 0 for dependable or not. In the next section, we
show how the classification criteria identified in the interviews can be used to define CSLs.
Decision Frame
Using the classification criteria from the management interviews (Table 3 .1) described in the previous section, we constructed a decision frame to assign discrete desired CSLs to different classes as seen in Figure 3 .4. Throughout the year, items will follow different paths in the decision frame depending on their binary values in each of the four classification criteria. For example, an item that is on promotion, in season, a key item, and sourced from a dependable vendor would trace the leftmost path in the decision frame arriving at the leftmost class with a desired CSL of 95%. The CSL is then used to calculate the k factor used to set the safety stock levels. The CSL values in Figure 3 .4 were set by the current management group and can be adjusted as business needs change. In the next section, we show how this decision frame is incorporated into the inventory policy.
Inventory policy
The inventory policy that we use in our simulations is the MRP policy presented in Section 2.3.
We define inter-delivery time as the time between two subsequent deliveries. This policy states that every R days an order should be placed such that the inventory levels during the inter-delivery time do not fall below a desired level of safety stock. In this section, we will walk through the ordering flow of this inventory policy and show how the decision frame is used to impact the safety stock levels.
Ordering Flow
In the MRP inventory policy, inventory flows from an order to pipeline inventory and then to on hand inventory after a specified lead time. When stores demand an item from the distribution center, either inventory flows out as sales or demand is lost if it is greater than the on-hand inventory as seen in 1. The first step in the MRP policy is to determine whether each day is an order day. This is set by the R value or review time.
If it is an order day, we first calculate what our inventory will be when the delivery arrives (Inventory at Lead Time). This is the difference between our inventory position (Pipeline + On Hand Inventory)
and the forecast between now and when the delivery arrives (Forecast over Lead Time). 
Decision Frame in Safety Stock Calculation
Recall from Equation 2.3 that safety stock is equal to the safety stock factor k multiplied by the standard deviation over lead time. The k value is defined according to the desired CSL. For the desired CSL we can choose from a fixed service value used in the current company policy or the CSL assigned to an item's class in the decision frame as seen in Figure 3 .3. The intention behind using the frame is to dynamically change the service level according to the item class during each order cycle (Figure 3 .8).
Namely, when an item is promoted and in season, it will have a different desired CSL than when it is not. Based on the item position in the decision frame shown in Figure 3 .4, it is assigned to a service level class. At each review time, the item's classification criteria are reviewed and it is assigned to a specific service level class that sets the k factor. Items can also be assigned to a fixed service level.
The k value calculation uses the maximum CSL value during the order cycle time, or, if it is fixed, the predetermined value. The CSL is then used to set the k factor (Figure 3.9) . Please note that k = NORMSINV(CSL). This k value is then multiplied by the standard deviation over lead time to set the desired level of safety stock.
This inventory policy has dynamic safety stock levels determined by the desired CSLs set through the decision frame. In the next section we describe the simulations used to test the impact of this inventory policy.
Simulation
To evaluate the impact of dynamic CSLs, we use two types of simulations: a system dynamics model created in VenSim and a simulation through RBS' forecast and replenishment software RELEX.
The system dynamics model uses the exact flows outlined in the previous section. This model allows a user to easily adjust service levels throughout the year and see immediate impacts on product availability and inventory. However, the system dynamics model is limited in that it is only a model and cannot be used to create actual replenishment orders. RELEX allows for a wide variety of simulations using production data and results can be used directly in production. Each simulation uses actual historical data for starting inventory position, forecasted demand, store orders, lead time, review time, and standard deviation. The models then simulate the inventory levels through different CSL settings.
Both simulations first model the results of the inventory policy when using fixed CSLs throughout the year. We then vary the method of calculating standard deviation between demand and forecast error. Next, we simulate the impact of using dynamic CSLs according to the decision frame.
Finally, we simulate the impacts of using dynamic CSLs that are different from the decision frame. In the following sections we present the parameters used in the system dynamics and RELEX simulations.
System Dynamics Model Parameters
We select five items for our initial simulation using the system dynamics model. Throughout the simulated time, items need to have frequent changes in importance that would merit service level changes. We also select items based on their seasonal variability and dramatic changes in importance throughout the year. Finally, as RBS stores forecast data for two years, we select items with complete records. Figure 3 .10 shows a plot of the coefficient of variation versus the weekly demand for the selected items shown as yellow stars. A selection of demand attributes for the simulated items are shown in Table   3 .2.
We run each simulation for the maximum amount of time for which data was available. The goal is to understand the long term implications of the dynamic policy, so more data is advantageous. For each item, we test the impact of using the standard deviation of demand versus the standard deviation of forecast error when calculating the safety stock levels. Following RELEX's policy, we calculate the standard deviation of each of these parameters using the last 180 days of data.
In each simulation, we use a lead time of 7 days and a review time of 7 days. These variables can be manipulated in the simulation if agreements with vendors change. In reality, vendor lead times can vary and, when under pressure, orders can be placed whenever they are needed. However, in order to isolate the impact of dynamic CSLs, it is necessary to fix both of these variables throughout the simulation. Table 3 .2 -Demand attributes for items selected for system dynamics simulation
RELEX Simulation Parameters
Due to constraints on available data in the RELEX system, we select different items for these simulations than those used in the system dynamics model. However, our criteria for item selection remain the same. Namely, items need complete records, need to be fast and slow movers, and need to have varying levels of importance throughout the year. Using two years of historical sales data, we examine items with respect to their coefficient of variation and total movement (Figure 3 .11). We extract two years of data because that is the amount of historical data that RBS uses for forecasting. Any items that do not have at least 60 weeks of movement are removed from the selection process. Demand attributes for the selected items are shown is Table 3 .3. In the system dynamics model, the CSL for the base case is fixed at a predetermined value.
However, in the RELEX simulations we use the actual desired service levels from ABC segmentation.
This method of segmentation follows the Pareto model of demand volume as discussed in Section 2.2. In our simulation, all items in this product category are organized based on their sales quantity and those categories are called XYZ for this project. Items are partitioned into the following groups based on demand: top 75%, middle 15%, and bottom 10% as X, Y, Z, respectively. Corresponding CSLs are assigned to each group {X, Y, Z} = {95, 90, 85}.
As we discussed in the previous section, we simulate two different methods to calculate the standard deviation used in the safety stock calculation: demand and forecast error. Based on business requirements, RBS has configured the RELEX system such that items that have been on promotion for more than 108 out of the last 180 days use the standard deviation of forecast error to set safety stock.
Forecast error is calculated daily at the item-location level and 180 days are used to calculate standard deviation. For items that are not highly promoted, the safety stock calculation uses the standard deviation of demand for the last 180 days. The rationale is that highly promoted items are more difficult to forecast and therefore require additional safety stock.
Table 3.3 -Demand attributes for items in RELEX Simulation
In the RELEX system, we run 16 different simulations. For each simulation we run it for three different 120-day time periods. Simulations are broken into three different groups: base case, dynamic, and extreme. The base case uses all items and current system settings. Using the base case CSLs, we also run simulations with the two different standard deviation calculations to understand the impacts of each one. In the dynamic simulations, we evaluate the impact of having a higher desired CSL during promotional time periods and XYZ segmentation when not promoted. Finally, in the extreme simulations, we ignore the XYZ values and set all non-promoted items at a base service level of 80%. Using the values from the decision frame, we change CSL to 96% when items are on promotion.
Key Performance Indicators
After each simulation, we measure the inventory levels, item fill rate, and lost sales. These are standard metrics used by RBS to evaluate performance. We compare these results across the different methods of calculating standard deviation and the fixed and dynamic CSLs. 
Results
In this section, we examine the results of the simulations using the system dynamics and RELEX models. We first present the differences between the two standard deviation calculations. Next, we look at the impact of using a dynamic service level from the decision frame. Finally, we show the impact of using dynamic CSLs with values different from the decision frame.
Standard Deviation of Demand or Forecast Error
The first test using the simulations was to look at the results of using the standard deviation of demand versus using the standard deviation of forecast error. As stated earlier, RELEX uses the standard deviation of forecast error to set safety stock levels for highly promoted items. Items that are promoted are typically more difficult to forecast and, therefore, should require higher levels of safety stock to maintain high fill rates.
Regarding the average inventory position, setting safety stock levels using the standard deviation of demand led to an average inventory reduction of 5% for 4 out of the 5 items in the system dynamics simulation (Table 4 .1). Item 6180 showed a 1% increase in inventory levels using the standard deviation of demand. This result follows from the item selection in that, of all the items selected, the forecast accuracy for item 6180 was the highest.
The fill rate followed in that 4 out of the 5 items experienced a lower fill rate using the standard deviation of demand. On average across all items and tests, the fill rate was 1% lower using the demand calculation. Again, item 6180 experienced the opposite due to the relative accuracy of the forecast and higher inventory position. The fill rate improvement for item 6180 was less than 1%. In the RELEX simulation, the top moving item had a significant inventory reduction when using the standard deviation of demand instead of forecast error. However, this inventory reduction resulted in a 14% reduction in product availability. In this case, the additional safety stock matches the importance of the item. On the two steady moving items, using the standard deviation of demand instead of forecast error led to an inventory reduction while still maintaining the same product availability. From these simulations, items with high velocity or high variability benefited the most from using the standard deviation of forecast error. Table 4 .1 -Difference between the standard deviations of demand and forecast error using the system dynamics simulation Table 4 .2-Difference between the standard deviations of demand and forecast error using the RELEX simulation
Difference Between StDev of Demand and StDev of Forecast Error
Fixed vs. Dynamic Cycle Service Levels
We tested adjusting service levels at key times of the year to see the impact on inventory and product availability. First, using the system dynamics model, we demonstrated that using dynamic CSLs can reduce the average amount of inventory while still maintaining a high fill rate. For each item, both the highest fill rate and highest level of inventory came through fixing the service level at 99%. In the case of item 6180, where the forecasts were relatively accurate, the dynamic model produced a 24% reduction in inventory over fixing the service level at 99% while still fulfilling 97% of the demand filled by the 99% service level (Figure 4 . 1) On average, the dynamic CSLs allowed the items to achieve a fill rate above the fixed 90% simulation while carrying less inventory (Table 4. 3). Further adjusting the service levels in the decision matrix could improve fill rates even more, but at the expense of extra inventory. In the RELEX simulation, we tested the dynamic model against the current system configuration. The dynamic model used XYZ service levels if the item was not promoted and a 98% service level when the item was on promotion. As expected, there was not a dramatic change in the highly promoted items as the XYZ service level was already 95%. Across all items, the dynamic model raised product availability and inventory while reducing lost sales ( 
Improvements on Dynamic Cycle Service Levels
Our initial dynamic CSLs used the decision frame inputs from inventory managers and buyers at RBS. In our next set of simulations, we sought to adjust those dynamic levels to see if we could maintain the same service while decreasing the overall inventory levels. For each item, we ran a baseline model Table 4 .3 -The average inventory positions and fill rates for all items in the system dynamics model. Table 4 .4 -Change in availability, inventory, and lost sales between the dynamic model and the baseline model in RELEX.
using the current service level set by the RBS replenishment system. Next, we changed the CSL from fixed to dynamic and adjusted the levels in the decision frame. The goal of these simulations was to produce the lowest level of inventory, while maintaining a service level that was the same or better than the baseline simulation. Through adjustments in the decision frame, we were able to reduce overall inventory while maintaining the same service levels as the fixed policy. In the original decision frame presented in Figure   3 .4, the class in which an item was not promoted, critical, or in season had a desired cycle service level of 80%. This class was representative of items that did not have any special importance to the business and, therefore, presented an opportunity to lower inventory. We found that in many cases this number could be reduced substantially with little impact on the product fill rate. Adjusting the service levels to reduce inventory and maintain fill rates led to higher inventory during the important promotional times and lower overall inventory in the non-promoted times.
Item
In the RELEX simulations, we were not able to actively adjust CSLs to find the best tradeoff between service and inventory. The CSLs needed to be set before running each simulation. Therefore, based on the results of the system dynamics model, we tested an extreme scenario in which desired 
Discussion
Through simulation, we showed that dynamic CSLs could reduce inventory levels while still delivering a high level of service. However, inventory reductions often result in some tradeoff of service or increase in lost sales. In this section, we show how to use the system dynamics model to minimize these tradeoffs. We then comment on the types of items that benefit from using a dynamic CSL.
System Dynamics Model in Practice
The system dynamics model creates value by providing immediate feedback on management decisions. Additionally, the model visually represents the dynamics of a firm's inventory policy making it With this data, managers can quickly simulate results for different items to understand the tradeoffs between service and inventory. This model provides insights into where inventories can be lowered while still maintaining desired CSLs. Below is a four-step methodology to set and modify CSLs.
1. Define classes and set desired CSLs. As a first step, determine, with the key stakeholders, which classification criteria are most important in setting CSLs. Using these classification criteria, build a decision frame as shown in Figure 3 .4. Leveraging management's expertise, assign CSLs for the different classes in the decision frame.
2. Collect data on items and their classification criteria. Collecting some types of data in an optimal quantity and quality can be challenging. Therefore, it is important that the classification criteria defined in the previous step are easy to record and trace. 4. Run simulations and adjust the initial values in the decision frame to achieve the desired results
The model can be used to give the company a better understanding of the dynamics of the purchase orders and inventory levels, and to help the decision maker define the best policies for the purchase order process. First, we present the operational dashboard for the model and then explain how to run simulations. Step 2: Adjust the fixed desired CSL and switch for standard deviation to achieve a desired fill rate and inventory.
Step 3: Run a simulation with the dynamic CSL frame and the standard deviation used in the previous simulation (
Step 2).
Step 4: Adjust the CSLs for each class in the decision frame until fill rate meets the values in Step 2.
Step 5: Continue to adjust the CSL for each class to minimize the amount of inventory carried while maintaining the same fill rate from Step 2.
Setting dynamic CSLs makes sense in situations when demand management groups disregard inventory policies due to fear of running out of stock. These situations can include seasonal transitions or critical promotions. A dynamic policy accounts for the important factors that lead to manual orders.
Given that the management teams provided the classification criteria used to set the dynamic CSLs, this policy creates additional trust in the system and, ideally, reduces the need for manual interventions. As business priorities change and buyer groups feel the need to deviate from a system, it is important to understand the underlying causes for these changes. Reexamining the decision frame and incorporating these new classification criteria can help realign the buying practices with the business priorities. As shown through the simulations, a dynamic frame increases safety stock based on the importance of the item and reduces it when the item is less important. This reduces overall inventory and thus free up working capital that could be reinvested into other parts of the business.
Using dynamic CSLs does not necessarily make sense in every business context. For example, there are certain external opportunities such as forward buys or limited product availability that may require a firm to deviate from this model.
Finally, as with all inventory policies, it is important to remember that strong inputs lead to strong outputs. Therefore, forecast accuracy is also critical in maintaining high service levels. While a dynamic policy provides extra safety against demand variability, inaccurate forecasts will also lead to out of stocks. In the simulations in which a 99% CSL was desired, out of stocks still occurred due to forecast inaccuracies. When there is high variability in forecasts, it makes sense to use the standard deviation of forecast error as an additional buffer in safety stock.
Conclusion
This research demonstrates the advantage that a firm can achieve by using dynamic CSLs.
Inventory management is a constant balancing act. If a firm carries too much inventory, working capital is tied up and cannot be invested into other areas of the business. By carrying too little inventory, a firm risks missing sales and losing customer goodwill. Traditionally, safety stock levels have been fixed throughout the year depending on a single criterion, demand volume. This often leads to manual intervention and correspondingly high levels of inventory. Our research demonstrates the value of catering safety stock levels to the underlying needs of the inventory managers. By establishing a safety stock frame that meets the priorities of the business, a firm can lower their inventory levels and reduce manual intervention while maintaining a high level of service. This frame can be applied to any business that carries inventory of variable importance throughout a year.
The current frame is limited in that it handles service level variations for only one item at a time and the optimal tradeoffs between inventory and service are up to the user. An obvious area for future research would be applying these dynamic techniques across entire segments of items. Instead of fixing service levels by segment, as is typically done, a dynamic frame could be assigned to each segment. The
CSLs for each segment could be assigned through an optimization in which the highest service level is achieved given a predefined budget for inventory. This could be shown as a preferred technique to the traditional ABC methods.
The dynamic model provides unique value in that it takes input from the key decision makers to come up with the best levels of safety stock. Through our research, we found that trust in an inventory management system is essential to ensuring that rules are followed and inventory levels are correct.
Dynamically setting service levels that can adapt to changing business needs ensure that a firm has the right inventory at the right time.
